Abstract Jakara River Basin has been extensively studied to assess the overall water quality and to identify the major variables responsible for water quality variations in the basin. A total of 27 sampling points were selected in the riverine network of the Upper Jakara River Basin. Water samples were collected in triplicate and analyzed for physicochemical variables. Pearson product-moment correlation analysis was conducted to evaluate the relationship of water quality parameters and revealed a significant relationship between salinity, conductivity with dissolved solids (DS) and 5-day biochemical oxygen demand (BOD 5 ), chemical oxygen demand (COD), and nitrogen in form of ammonia (NH 4 ). Partial correlation analysis (r p ) results showed that there is a strong relationship between salinity and turbidity (r p =0.930, p=0.001) and BOD 5 and COD (r p =0.839, p= 0.001) controlling for the linear effects of conductivity and NH 4 , respectively. Principal component analysis and or factor analysis was used to investigate the origin of each water quality parameter in the Jakara Basin and identified three major factors explaining 68.11 % of the total variance in water quality. The major variations are related to anthropogenic activities (irrigation agricultural, construction activities, clearing of land, and domestic waste disposal) and natural processes (erosion of river bank and runoff). Discriminant analysis (DA) was applied on the dataset to maximize the similarities between group relative to withingroup variance of the parameters. DA provided better results with great discriminatory ability using eight variables (DO, BOD 5 , COD, SS, NH 4 , conductivity, salinity, and DS) as the most statistically significantly responsible for surface water quality variation in the area. The present study, however, makes several noteworthy contributions to the existing knowledge on the spatial variations of surface water quality and is believed to serve as a baseline data for further studies. Future research should therefore concentrate on the investigation of temporal variations of water quality in the basin.
Introduction
River basin has been a major source of water supply for many purposes and provides fertile lands, which support the development of highly populated residential areas due to its favorable conditions (Mouri et al. 2011) . Human settlements and industries have long been concentrated along rivers, estuaries, and coastal zones owing to the predominance of water-borne trade. A river's water quality is the composite of several interrelated compounds, which are subjected to local and temporal variations and also affected by the volume of water flow (Mandal et al. 2010) . Rivers constitute the main inland water body for domestic, industrial, and agricultural activities and often carry large municipal sewage, industrial wastewater discharges, and seasonal runoff from an agricultural field (Singh et al. 2004; Pradhan et al. 2009; Hu et al. 2011) . The river waters have been contaminated as a result of the discharges of wastewater containing degradable organics, nutrients, domestic effluent, and agricultural waste (Dimitrovska et al. 2012 ).
River water pollution can be linked to the type of wastewater produced by urban, industrial, and agricultural activities that flows into surface and subsurface waters (Vittori et al. 2010) .
The increase in human population and economic activities has grown in scale; the demands for large-scale suppliers of fresh water from various competing end users have increased tremendously. The decline in the quality and quantity of surface water resources can be attributed to water pollution and the improper management of the resource (Mustapha and Nabegu 2011) . Many regions around the world are simultaneously impacted by urbanization processes and industrial and agricultural activities, and many cities in developing countries have been developed without adequate and proper planning. This has led to indiscriminate actions, including dumping of wastes into the water and washing and bathing in open surface water bodies (Cukrov et al. 2012) . The deteriorating water quality affects man, animal, and plant life with far-reaching consequences. From the environmental, economical, and/or social point of view, it is important to identify these sources and their contribution to the total contamination of an area (Tobiszewski et al. 2010) .
In recent years, there has been increasing awareness of, and concern about, surface water pollution all over the world, and new approaches toward the sources of pollutants and achieving sustainable exploitation of water resources have been developed. The combined use of environmentric tools such as multivariate statistical techniques enables the classification of water samples into distinct groups, source apportionments, relationship, and differences in the parameters used based on hydrochemical characteristics (Shrestha et al. 2008) . They reflect more accurately the multivariate nature of the natural ecosystem, which provides a way to handle large datasets with a large number of parameters by summarizing the redundancy and provides a means of detecting and quantifying truly multivariate patterns of the datasets (McGarigal et al. 2000) . The use of conventional techniques of descriptive analysis to interpret surface water quality has several limitations of not detecting the long-term correlation between variables and poor delineation in the source apportionments of the surface water quality variation. The use of environmetric techniques has several advantages to overcome these limitations.
Principal component analysis (PCA) and factor analysis (FA) have been utilized by various researchers to explore the pollution sources of river water: for example, PCA/FA techniques have been applied by Han et al. (2009) in their studies on the Nakdong River watershed; they used PCA/FA to identify pollution sources in the study area and discovered that anthropogenic pollutants are responsible for the high variation in the water quality of the studied area. Equally, Wong (2005) studied the spatial variability of physiochemical elements in Hong Kong River. PCA/FA was used to identify latent factors or pollution sources; it yielded four components in which the different watercourses studied fall under nutrient and organic pollutants and heavy metal contamination; other water courses suffered multiple types of pollution or have a low pollution problem. The regional distributions of physiochemical determinants verified that marine and anthropogenic sources have a strong influence to rivers/streams in Hong Kong. Similarly, Tanriverdi et al. (2010) applied PCA/FA in the surface water quality data to assess and examine the water quality of Ceyhan River. Three PCs were significantly identified corresponding to areas close to cities, which presented low dissolved oxygen contents and high concentrations of physiochemical parameters, suggesting anthropogenic inputs. The stations in the vicinity of industries have higher pollution due to the discharge of wastewater from industries and domestic activities.
Various studies conducted used discriminant analysis (DA) to bring out the most significant variables that result in water quality variation and to optimize the monitoring program in the future by decreasing the monitoring frequency and the number of parameters monitored and, thus, the subsequent cost (Li et al. 2009; Koklu et al. 2010; Schaefer and Einax 2010) . For example, Singh et al. (2004) studied wastewater pollutants in Lucknow, Uttar Pradesh, India. Spatial DA was performed with a 2-year raw dataset of wastewater which comprises 29 parameters. The standard DA mode constructs discriminant functions including all the parameters under study, while forward stepwise reduced the parameters to six discriminant variables with 70 % cases correctly. Similarly, Singh et al. (2005) reported that DA showed the best results for data reduction and pattern recognition for both temporal and spatial evaluations in Gomti River, India. It revealed five parameters affording more than 94 % for temporal variation and ten parameters affording 97 % correct assignation in the spatial evaluation of three different regions of Gomti River, India. Zhou et al. (2007) revealed that DA provided better results with great discriminatory ability for both temporal and spatial analyses, and it reduced the parameters under study by using only six parameters affording about 84 % correct assignation and seven parameters with more than 90 % correct assignation in temporal and spatial analyses.
Moreover, Papaioannou et al. (2010) used DA to construct the best discriminant functions and to confirm the clusters determined by cluster analysis. The standard and forward stepwise modes of discriminant functions used 17 and 10 parameters with a classification matrix correctly assigning 96.97 and 96.36 % of the cases, respectively. This study concluded that, DA proven to be a useful tool in recognizing the discriminant parameters in spatial variation of portable water quality.
The relationship between the sampling stations and water quality variables was studied by Varol et al. (2012) in their studies of surface water quality in Tigris River Basin, Turkey. A high and positive correlation was observed between various parameters responsible for water mineralization and phytoplankton growth. Singh et al. (2012) reported a high positive correlation among the cations and a moderate relationship between the nutrients, which reveals the influence of silicate lithology and a similar source and/or geochemical behavior during ionic mobilization. The impact of non-point sources of pollution from surface water resource quality in Tehran province, Iran, was studied by Gholikandi et al. (2012) . The researchers observed a significant association of the physicochemical parameters with a negative correlation of dissolved oxygen and temperature. It is well known that oxygen depletion in water bodies signifies a high load of organic matter.
In Jakara Basin, however, the use of environmetric tools is rather an emergent; consequently, not much work has been done to evaluate the relationship of physiochemical parameters and water pollution source apportionments, and very little work has been reported about the quality of the Jakara Basin. It is against this background that this study was carried out to provide an overview of the relationship between physiochemical parameters and the possible sources of water pollution in the basin.
Description of the study area
The study area (Jakara River Basin) extends from longitude 8°31′ E to 8°45′ E and latitude 12°10′ N and 12°13′ N. It is located about 481 m (1,580 ft) above mean sea level, covering an area of about 150 km 2 ). The basin is one of the most significant in supporting residential, industrial, and agricultural activities in Kano metropolitan with a population of more than 500,000 inhabitants. The climate of the basin is strongly influenced by the tropical continental and maritime air masses. The two air masses control the climate, making it dry and of wet type ). The pre-Cambrian rock of the basement complex which comprises gneisses, amphibolites, marble, and older granite underlies a larger part of Nigeria, including 80 % of the study area. Jakara River Basin is underlain by a crystalline Basement complex of pre-Cambrian origin which loses its identity by disappearing into the Chad Formation. The Basement complex consists of granite rocks, which are generally gneissic and commonly developed in a mixture of pegmatite of schist granite, gneiss, and irregular masses of pegmatite. Aeolian sand derived from wind deposits covers most part of the area, with thickness of about 5 m in the upland and 10 m along the lowland plains of the basin . The climate of the area is strongly influenced by the tropical maritime air mass and the tropical continental air mass, like in most parts of West Africa. The tropical maritime air mass which originates from the southern high-pressure belt is humid in nature and is attended with on-shore southwestern winds off and the Gulf of Guinea. The tropical continental air mass on the other hand is dry and accompanied by northeast trade winds. These two air masses control the climate of the Jakara Basin, making it the wet and dry type. The basin is typically very hot throughout the year, though in December through February is noticeably cooler. Nighttime temperatures are cool during the months of December, January, and February, with average low temperatures ranging from 11 to 14°C . Relative humidity in the basin is high in August, up to 80 %, and lowest in January, November, and December, with 23 %. The rainy season has a moderate effect on temperature, which falls to the lowest in August with a mean monthly value of 24.5°C. The monthly evaporation rate in the Jakara Basin varied from 55 % in March and April at the beginning of the wet season to 78 % in September during the end of the rainy season.
Methods

Sampling and analytical techniques
A total of 27 sampling sites were selected in the riverine network of the Upper Jakara Basin (Fig. 1) . Surface water samples were collected in triplicate at a depth of 10-15 cm with 1-L plastic containers, which were pre-rinsed with trioxonitrate(v) and soaked overnight with distilled water to avoid an unpredicted change in the characteristic of the water samples. The samples were then placed in a box containing ice packs and transported to the Soil and Water Laboratory of the Kano State Ministry of Environment and kept at a temperature of about 4°C prior to the analyses.
In order to provide greater data confidence from the analytical procedure regarding bias and variability, appropriate quality assurance and quality control (QA/QC) on water samples were ensured. The QA/QC were followed to ensure that data products are of documented high quality and are reproducible. The overall data quality is assessed through precision, accuracy, representativeness, completeness, sensitivity, and comparability . Analytical precision was assessed by the use of a control chart and blind samples. The same laboratory equipment were used for all the samples collected in order to control variability from sampling irregularities. Equipment blank was used to test for bias from possible contamination of blank water which consists of distilled water. Internal blind samples were evaluated to describe differences between the filtered and unfiltered samples. The relative standard deviation and percent recovery were calculated to demonstrate precision and accuracy.
Water temperature, conductivity, dissolved oxygen (DO), and pH of the river water samples were measured in situ using a multi-parameter monitoring instrument (YSI incorporated, Yellow Spring®, Ohio, USA). Salinity was measured using Eutech salinity pocket tester SaltTestr®. Five-day biochemical oxygen demand (BOD 5 ) was measured using Winkler's azide methods and chemical oxygen demand (COD) using a dichromate reflex technique. The instruments used in situ were calibrated using a specific calibration solution before each measurement (APHA 2005) . Suspended solids (SS) and dissolved solids (DS) were separated gravimetrically: filtering the water through a 0.45-μm filter paper and determined according to a standard procedure (APHA 2005) . NH 4 was determined using a molecular absorption spectrophotometer. Turbidity was directly measured with a turbidimeter (Hach 2100 AN). Trace elements (Cr, Cd, Pb) were analyzed using atomic absorption spectrometry (AAS, Perkin Elmer® 4100) with air/acetylene at a specific wavelength. In order to maintain detection precision, internal standard reference materials (SRM) were used for every ten samples. The water quality parameters, abbreviation, and analytical methods used in this study were summarized in Table 1 . The absorption wavelength and conditions for the detection of trace elements used for this study are shown in Table 2 . Pearson's correlation analysis (r) is a measure of the extent to which two quantitative variables are linearly related. It summarizes the magnitude of a linear relationship between pairs of variables. The value of relationship takes values ranging from −1 to +1, where +1 represents an absolute perfect positive linear relationship, 0 represents no linear relationship, whereas −1 represents an absolute inverse relationship between the bivariates. The sign in front of the correlation coefficient value determines the direction of the relationship. A plus sign denotes a positive relationship and a minus sign denotes negative correlation. The correlation (r) provides a standardized measure of the linear association between two variables, as given in Eq. 1.
where x and y are the bivariates to be correlated and s x and s y are the sample standard deviations of variables x and y, respectively.
Partial correlation
Partial correlation (r p ) is a relationship that measures the degree of association between two random variables, with the effect of a set of controlling variables. Partial correlation procedure computes a coefficient that describes the linear relationship between the bivariate while controlling for the effects of one or more additional variables. The correlation between X and Y can arise from the fact that both X and Y show a correlation with a third variable, Z; that is, after removing variance that the criterion and the predictor have in common with other predictors, the partial expresses the correlation between the residual predictor and the residual criterion. The partial correlation of X and Y, with the effects of Z removed (or held constant), is given in Eq. 2.
The same general structure would apply for calculating the partial correlation of X and Z, and Y and Z with the effects of Y and X being removed, as in Eqs. 3 and 4, respectively.
Principal component analysis and factor analysis PCA and FA are statistical approaches that can be used to analyze interrelationships among a large number of variables and to explain these variables in terms of their common underlying dimension by providing empirical estimates of the structure of the variables (Hair et al. 1995) . This reduces a relatively large number of variables into a smaller set of variables that still captures the same information. PCA is about extracting a set of independent linear combination of the parameters of the study so as to capture the maximum amount of variability of a given dataset (Panigrahi et al. 2007 ). PCA/FA can be calculated using Eq. 5.
where j is the measured variable, f is the factor loading, z is the factor score, e is the residual term accounting for errors, i is the sample number, and m is the total number of factors. FA collapses the column of the dataset to construct a smaller number of new factor or indices that are linear combinations of the original variables (Rogerson 2006) . FA focuses on reducing the contribution of less significant variables to simplify even more the data structure coming from PCA (Liu et al. 2011) . It is used to describe the variability among the observed variables in terms of fewer unobserved variables called factors (Esmaeili and Moore 2012) . This can be achieved through the use of factor rotation by rotating the axis defined by PCA according to well-established rules. This study applies varimax rotation in which the value of PCA can be cleaned up by means of a rotation procedure of the eigenvalue. By this method, variables are obtained in which original variables participate more clearly (Helena et al. 2000) . The basic motivation for using any rotational methods is to achieve a simpler and more meaningful representation of the underlying factors, producing a new group of variables known as varifactors (VFs; Cho et al. 2009 ).
Discriminant analysis
DA is a supervised pattern recognition that can be utilized for the classification of objects or cases into exhaustive and mutually exclusive groups based on a set of independent variables. It is an appropriate statistical technique when the dependent variable is a categorical variable and the independent variables are metric. The objective of DA is to maximize the similarities of the between-group relative to the within-group variance (Singh et al. 2005; Kowalkowski et al. 2006; Shrestha and Kazama 2007; Koklu et al. 2010) . The classification table known as confusion or prediction matrix is used to assess the performance of the DA. This is simply a table in which the rows are the observed categories of the dependent variable; when the prediction is perfect, all cases will lie on the diagonal side of the table. The percentage of cases on the diagonal side is the percentage of correct classification. The model parameters were Wilks' lambda, an index of the discriminating power ranging between 0 and 1 (the lower the value, the higher its discriminating power); eigenvalue, a measure of variance in the dependent variable for each function; and canonical correlation, a measure of association between the groups formed by the dependent and the given discriminant function (Rani et al. 2011) . In DA, the results of classification and their accuracy in the error matrix are determined by kappa values. The kappa coefficient (k) is calculated from the error matrix. Kappa indicates to what extent classification accuracy is due to true agreement of the field data and the classified data and to what extent it could have been achieved by chance (Manly 2005) . DA is achieved by calculating the variate weight for each independent variable; the variate for the DA is known as discriminant function and is derived from the equation below.
where Z jk is the Z score of the discriminant function j for object k, a is an intercept, w 1 is the discriminant weight for independent variable 1, and x 1k is the independent variable 1 for object k.
Results and discussion
Descriptive statistics
The statistical summary (mean, standard error of the mean, and standard deviation) of the selected parameters for the water samples is presented in Table 3 . A total of 14 physicochemical variables were analyzed from 27 sampling points in the Jakara Basin. Water temperature varied from 25.3°C in sampling point 1 to 31.6°C in sampling point 9, which is within the portable range of 25-32°C by the World Health Organization. The pH value is within the acceptable limit of 6.5-8.5, varying between 6.2 and 7.9, with the maximum limit of 7.9 at sampling point 11. The pH affects chemical and biological processes and temperature affects the availability of oxygen concentration in the water (Kowalkowski et al. 2006 ). BOD 5 , COD, and NH 4 of the water samples varied from 4.5 to 8.1 mg/L, from 1.0 to 1.4 mg/L, and from 3.8 to 9.1 mg/L, respectively. These concentrations must reflect anthropogenic influences since majority of the sampling points are located in the most vigorous urban area of Kano City, where the rivers are seriously polluted by residential wastewaters (Fig. 1) BOD is a measure of the quantity of oxygen consumed by microorganisms during the decomposition of organic matter. BOD is the most commonly used parameter for determining the oxygen demand on the receiving water of a municipal or industrial discharge. These organic compounds are indicators of organic pollution; unpolluted natural water has a BOD value of <5 mg/L. COD concentrations in all the sampling points show that the value Table 3 Univariate statistical summary of physicochemical parameters of the study area Environ Sci Pollut Res (2013) 20:5630-5644 is within the acceptable limit. The presence of organic compound in water under normal conditions supports the growth of bacteria and other microorganisms, which may enhance the concentration of BOD 5 , COD, and NH 3 and the very low available DO in water. The DO value for the riverine network ranged from 0.50 to 0.95 mg/L. The concentration of DO is not within the WHO acceptable limit of 4-10 mg/L. The DO in water can be depleted as it is used in the oxidation of organic matter (Onojake et al. 2011) . The distributions of BOD 5 , COD, NH 3 , and DO in the sampling points are shown in Fig. 2 .
The concentrations of conductivity ranged from 1,167 to 1,490 μS/cm. Salinity varied from 670 to 866 mg/L, DS varied from 687 to 866 mg/L, and turbidity ranged from 6.20 to 12.90 mg/L. The concentrations of these parameters were above the threshold limits of the WHO. The higher concentrations of conductivity, salinity, turbidity, and DS indicate that these parameters were from a common source of origin (Onojake et al. 2011 ) and might be due to a high amount of dissolved ions in the Jakara Basin. The distributions of conductivity, salinity, turbidity, and DS in the Jakara Basin are shown in Fig. 3 .
Physicochemical parameter relationships
Pearson's correlation matrix is presented in Table 4 . The correlation between the physiochemical parameters under study showed a significant positive relationship between salinity and DS, and conductivity with DS (r=0.987 and 0.992, p<0.01). This is evident because solids that dissolve in water break into positively and negatively charged ions, which increases the concentration of conductivity . Conductivity is the ability of water to conduct an electric current, and the dissolved ions are the conductors. Dissolved ions equally increase the salinity level.
A significant relationship between SS and turbidity (r= 0.889, p<0.01) was observed. Turbidity values are associated with the cloudiness and color of the water being sampled. A high value of turbidity level in water can be caused either by particulates or inorganic matter in the water which may enhance the growth of microorganisms and lower the effectiveness of disinfection processes (Calijuri et al. 2012) . Turbidity of water depends on the suspended particles, shape, size, and amount of the surface area which can cause variations in reflection and absorption of light in the water. Adequate relationships between turbidity and SS have been determined and reported in many surface water bodies in regions around the world: for example, a study conducted in Puget Lowland in the USA showed a positive relationship between turbidity and SS in all the studied water bodies regardless of differences in lithology, drainage area, and land use pattern (Packman 1999) . Similarly, Acheampong et al. (2012) have reported that turbidity is a surrogate measure of SS and that turbidity level is influenced by the concentration of solids in water bodies. Excessive levels of SS in water bodies may have a significant deleterious impact on the physical, chemical, and biological properties of the water bodies.
A significant relationship was revealed by a bivariate correlation between BOD 5 and COD (r=0.899, p<0.05), COD and NH 4 (r=0.532, p<0.05), and BOD 5 and NH 4 (r=0.841, p<0.05). This indicates the presence of biodegradable organic matter in the sampled water of Jakara River (Mustapha et al. , b, 2012 . BOD 5 is a measure of the amount of oxygen that is consumed by bacteria during the decomposition of organic matter under aerobic conditions, whereas COD is a measure of the total quantity of oxygen required to oxidize organic materials into carbon dioxide and water under strong oxidants (Mandal et al. 2010 ). The degradation of organic matter in the water consumes the available DO, leading to the rapid depletion of available DO in water, resulting in high BOD 5 , COD, and NH 4 . There is a nonlinear relationship between BOD 5 and DO (r=−0.626, p<0.05), COD and DO (r=−0.594, p<0.05), and NH 4 and DO (r = −0.532). This is an indication of the utilization of organic compounds from municipal waste (Onojake et al. 2011) . Significantly, the lowest DO content in the water suggested that the discharge of domestic wastewater from the metropolitan area close to the basin has induced serious organic pollution in the Jakara River since DO decrease is normally caused by organic compounds ). Human activities have negatively influenced water quality and aquatic ecosystem functions, especially around urban areas, since rivers passing through cities receive multiple contaminants released from domestic sewage and agricultural activities. This has generated great pressure on the ecosystem, resulting in a decrease of water quality and biodiversity (Wang et al. 2012) . Different pollutants are being released from the households, ranging from detergents, oil and grease, and solid wastes. These pollutants have negative effects on the surface water; they pollute the water and thus cause undesirable smells. Jakara Basin, being in the heart of Kano metropolitan, receives domestic wastewater generated from the urban residential areas. Jakara Basin has high population growth coupled with high industrial and commercial activities, which may result in the disposal of domestic wastewater. Surface waters are facing a variety of pressures affecting both the ecosystem and human health through municipal wastewater discharge and disposal practices that lead to the introduction of high nutrient loads, hazardous chemicals, and pathogens, causing diseases. Singh et al. (2005) have reported that domestic sewage has constant strength and pollution ability and that it is the combination of gray water and municipal waste which may contain pathogens. Similarly, a considerable amount of recent literature published showed that domestic sewage constitutes suspended solids (such as partially disintegrated particles) and very small solids in colloidal forms, large floating particles such as rags, plastic, and clothing, among others (Singh et al. 2004; Shrestha and Kazama 2007; Panigrahi et al. 2007 ).
Identification of the suppressor variable using partial correlation techniques
Partial correlation (r p ) was used to further explore the relationship between salinity and turbidity, BOD 5 , and COD controlling for the linear effects of conductivity and NH 4 , respectively.
Based on the zero-order partial correlation output obtained in Table 5 , there was a strong partial correlation (r p =0.930, p=0.001) with the high level of conductivity being associated with the high levels of salinity and turbidity (r p =0.839, p=0.001) and the high levels of BOD 5 and COD being associated with NH 4 . An inspection of zeroorder Pearson product-moment correlations between salinity, turbidity, and conductivity (r = 0.988, r = 0.766) and BOD 5 , COD, and NH 4 (r=0.841, r=0.532), respectively, shows that conductivity and NH 4 are the suppressor variables on the assumption that they are suppressing the larger correlation appearing between salinity and turbidity, and BOD 5 and COD, respectively.
Water pollution source identification using PCA/FA Preliminary analysis prior to factor analysis was conducted; a quick check at the Kaiser-Meyer-Olkin (KMO) test and the Bartlett test of sphericity table was done to ensure no violation of the assumption of factor analysis. KMO measures sampling adequacy and Bartlett's test of sphericity investigates the relationship within the variables under study (Hinton and Brownlow 2004) . The KMO result was 0.82 and Bartlett's sphericity test was significant (0.001, p<0.05), showing that PCA/FA could be considered appropriate and useful to provide significant reduction in data dimensionality. To obtain more reliable information about the relationships among the variables, PCA/FA was applied to the datasets to explore the extent of the physiochemical relationship and water pollution source identification. Varimax rotation method was used to maximize the sum of the variance of the factor coefficient, which better explained the possible group/sources that influenced the water chemistry in the Jakara River. The factor loadings were ranked following the correlation coefficient matrix between the variables. Table 6 summarized the PCA/FA results including the loadings, eigenvalues, variance of each factor, and the overall cumulative variance of the variables. In this study, a factor with an eigenvalue >1 was considered for subsequent discussion. Following the rule of Kaiser one criterion, three independent varimax factors (VF) were extracted, which explained 68.11 % of the total variation of water quality in the Jakara River. The first VF explained 26.16 % of the total variance and was best represented by conductivity, salinity, and DS. This factor represents a pollution source from irrigation agricultural activities along the Jakara River. This is evident as farmers are practicing irrigation activities around the area. The most common form of stream pollution associated with agricultural activities is the increased concentrations of soil particles washed into the stream by land clearing and farming activities . Water with a high concentration of DS is salty, and salinity is the total of all dissolved solids in water. Leaching of salts from the irrigation field and the return flow from irrigation water are the possible principal contributors that control the largest variation of water in the Jakara River. Tlili-Zrelli et al. (2012) revealed that an elevated salinity value would be attributed to the leaching of salty water, return flow of irrigation water, and use of fertilizer. This may have contributed to the higher concentration of DS and the subsequent higher values of salinity and conductivity.
VF2 had a strong loading on pH, temperature, and turbidity and explained 22.6 % of the total variance. Turbidity is the condition resulting from suspended solids in the water. Particles suspended in water may absorb heat in the sunlight, hence raising water temperature. The strong loading on these parameters could have been due to anthropogenic activities through road construction, clearing of lands, runoff, and erosive processes taking place near the study area .
VF3 explained 19.79 % of the total variation and has a positive loading on BOD 5 , COD, and NH 4 and a negative loading on DO; these parameters are indicators of organic pollution (Mandal et al. 2010) . This factor explains the biological processes due to phytoplankton productivity and more production of organic matter resulting in more microorganism activity, which in turn increases the concentration of BOD. A high concentration of organic matter in water may consume large amounts of available DO which undergoes anaerobic fermentation processes, leading to the formation of NH 4 and organic acid. High loading on organic compounds in the water body indicates that the river is heavily polluted with both oxidizable organic and inorganic pollutants (Otokunefor and Obiukwu 2005) . The direct dumping of waste and the discharge of sewage effluent into the river have been identified as the main contributing factors enhancing BOD 5 , COD, and NH 4 . DO may be consumed by the bioxidation of nitrogenous materials in water; the continual depletion of DO in surface water can encourage microbial depletion. The positive correlations of BOD 5 , COD, and NH 4 with the negative correlation of DO affirm this claim . Various studies conducted attributed the BOD 5 , COD, and NH 4 with lower DO in sewage water to the presence of biodegradable organic matter and the utilization of DO by a microorganism in the water (Mandal et al. 2010; .
Discriminant analysis
DA is used in this study to predict the variables which discriminate between two natural groupings in river water quality. The predictors used were the parameters under study. Preliminary checking on the results indicated that a descriptive univariate ANOVA Box's M test of chi-square asymptotic approximation (χ 2 observed =321.229, p<0.0001) shows that the assumption of equality of covariance within the group is achieved. The discriminant function revealed a significant association between groups and all the predictor variables accounting for more than 85 % of the between-group variability. The closely validated classification matrices revealed that overall, 97.22 % were correctly classified. Table 7 presented the standard mode of discriminant analysis.
Stepwise discriminant analysis was performed as an exploratory analysis to identify the most significant variables among the predictors. In stepwise DA, the most correlated independent variables are entered first by the stepwise analysis, then the second most significant variable until an additional dependent variable adds no significant differences. Table 8 presents the stepwise forward and back discriminant analysis results. The stepwise forward and backward statistics table shows that eight variables were successfully discriminated as the most significant among the predictors. DA reveals that DO, BOD 5 , COD, SS, NH 4 , DS, conductivity, and salinity add some predictive power to the discriminant function as all are significant with p<0.01.
As depicted in Table 8 , the strongest variable with largest F statistics was DO (F=38.782, p<0.0001), with Wilk's lambda value of 0.467; this means that DO makes the strongest unique contributions in explaining the variation of water quality in Jakara River when the variance explained by other predictors in the stepwise model is controlled. COD (F=16.781, p=0.001) and SS (F=16.230, p=0.0001) were the second and third contributor variables, respectively. The F statistics for conductivity was the smallest among the stepwise forward and backward DA and indicates that it made the least contribution in the water quality variation in the Jakara River.
Conclusions
The results of the environmetric techniques used in this study seem to give evidence on the reasons behind the water quality variations in the Jakara River Basin. The application of PCA coupled with FA on the available data indicated that the water quality variations are mainly due to anthropogenic (irrigation agriculture, construction, clearing of land, and domestic waste disposal) and natural processes (erosion and runoff). DA rendered an important data reduction as it uses only eight parameters (DO, BOD 5 , COD, SS, NH 4 , conductivity, salinity, and DS), affording more than 90 % correct assignation. Furthermore, partial correlation revealed a strong partial relationship between salinity and turbidity, and BOD 5 and COD controlling for the linear effects of conductivity and NH 4 , respectively. These environmental tools provided a more objective interpretation of surface water physicochemical parameters and identification of water pollution source apportionment as part of the effort toward the management of a sustainable river basin. 
